A b s t r a c t Shear and compressional wave velocities, coupled with other petrophysical data, are very important for hydrocarbon reservoir characterization. In situ shear wave velocity (Vs) is measured by some sonic logging tools. Shear velocity coupled with compressional velocity is vitally important in determining geomechanical parameters, identifying the lithology, mud weight design, hydraulic fracturing, geophysical studies such as VSP, etc. In this paper, a correlation between compressional and shear wave velocity is obtained for Gachsaran formation in Maroon oil field. Real data were used to examine the accuracy of the prediction equation. Moreover, the genetic algorithm was used to obtain the optimal value for constants of the suggested equation. Furthermore, artificial neural network was used to inspect the reliability of this method. These investigations verify the notion that the suggested equation could be considered as an efficient, fast, and cost-effective method for predicting Vs from Vp.
INTRODUCTION
Compressional and shear velocities (Vp and Vs, respectively) are important in seismic inversion and petrophysical evaluation of formations, especially for analysis of reservoir geomechanical properties. For estimating the geomechanical parameters such as Young's modulus, Poisson's ratio, and Lame parameters, both Vp and Vs plus density are needed. Accordingly, knowing Vp, Vs, and density, other elastic parameters of a rock formation can be calculated in terms of the acoustic wave velocities (Liu et al. 2012 
According to the acoustic wave propagation theory, the P-wave (Vp) and S-wave (Vs) velocities can be expressed as:
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The above-mentioned geomechanical parameters are useful in estimating maximum and minimum horizontal stresses, mud weight design, etc. Therefore, rock mechanical properties can be estimated using some sonic log providing P-and S-wave velocity information such as dipole sonic log and so on. However, very often S-wave velocity is not recorded in the field all the time due to the cost constrains and lack of technology. Therefore, prediction of the S-wave velocity is an interesting objective for researchers . Alternatively, if sonic tools to measure VS are not available, we may use a prediction equation for estimating shear wave velocity based on compressional wave velocity obtained from monopole sonic log (Liu et al. 2012) . Almost all such equations are empirical . Castagna et al. (1985) 
where Vs and Vp are in km/s. It is noticed that each of the above empirical equations was developed for a specific field and a specific lithology. Nevertheless, if they are used at Iranian fields, they may result in erroneous predictions. Figures 1 to 3 illustrate the accuracy of the said correlations in Gachsaran formation. Therefore, the present study was conducted to develop a reliable model for predicting shear wave velocity in a rock, based on compressional wave velocity in Maroon oil field. For this purpose, we utilized different regression models to obtain the most appropriate approach. We compared real field measurements of Vs with predicted values. Furthermore, we applied a neural network model to examine the accuracy and reliability of the suggested approach.
GEOLOGICAL SETTINGS OF THE STUDIED FIELDS
In this research we used data from Maroon oil field in Ahwaz, Southeast Iran. The main objective of this study was predicting shear wave velocity based on P-wave data. As it is obvious from petrophysical logs and geological studies, Gachsaran formation in Maroon oil field consist of seven members as presented in Table 1 (Memari 2013) . Table 1 Lithology of the studied formations
Formation
Lithology Density
Gachsaran 7 made up of mainly anhydrite and some grey marl and limestone 2.58 < density < 3.02
Gachsaran 6 mainly anhydrite, salt, red and gray marl layers 2.46 < density < 2.9
Gachsaran 5 mainly anhydrite, salt, red and gray marl layers 2.22 < density < 2.85
Gachsaran 4 mainly anhydrite, salt and gray marl layers 2.5 < density < 2.97
Gachsaran 3 thick anhydrites with subordinate salt in the lower half, and alternating anhydrites, thin limestones and marls in the upper half 2.46 < density < 2.94
Gachsaran 2 thick salt units with intervening anhydrite and thin limestones 2.53 < density < 2.92
Gachsaran 1 (Cap Rock) mainly anhydrite and gray marl and minor layers of limestone 2.69 < density < 2.71
The dipole shear sonic imager (DSI) combines monopole and dipole sonic acquisition capabilities for the reliable acoustic measurement of compressional, shear and Stoneley slowness. This is a Schlumberger company tool. DSI log for Gachsaran formation in Maroon field was run. Therefore, Vs and Vp were obtained directly from this log.
DATA ANALYSIS
Regression analysis was carried out to estimate and model the relationship between a response variable and one or more predictors. An empirical equation is not a perfect relationship. In general, all observation points for a statistical relationship do not fall directly on the prediction curve. Meanwhile, there are many regression models to define the best fit between two parameters, such as: linear, polynomial, exponential, etc. (Rawlings et al. 1998) . Therefore, in the first step we obtained well log readings of Vs and Vp for 4000 points from 2984 to 3617 m depth at the studied well. Randomly, we picked 1/4 of data points (1000 points) as "additional validating data" for further investigation, and we used 3/4 of data points (3000 points) as "modeling data" for developing prediction equation.
TableCurve software package and MATLAB Curve Fitting Toolbox were used to carry out all regression analyses (linear, polynomial, exponential…). Therefore, the mutual relationship between Vp and Vs was studied. The value of R 2 and adjusted R 2 (R 2 adjusted for the number of independent variables in the model) are presented in Table 2 . R 2 is the r-square defined as: 
where n is the number of points in the data set. Adjusted R 2 is especially important in this research because if unnecessary variables are included, R 2 can be misleadingly high. As it is observed in 
GENETIC ALGORITHM OPTIMIZATION
Genetic Algorithm (GA) is mostly used for solving optimization problems based on principles of evolution. GA is essentially an iterative, population based, parallel global search algorithm. Solution to the problem is shown by each individual in the population and the population of individuals is kept at each generation. A fitness value is given to any individual to clue the search. Individuals with superior fitness values are selected and undergo genetic transformation by genetic operators such as crossover and mutation. The crossover operator randomly selects two individuals as parents and exchanges part of their structure to produce two new individuals. The mutation operator just randomly selects one individual from the parent population and changes its internal demonstration and puts it in the child population. For improving the search performance, both of the operator rates should be intently adjusted. The newly produced child population becomes the parent population for the subsequent generation and undergoes the same process until a stopping criterion has been satisfied. For the present study, MATLAB Genetic Algorithm Toolbox for optimization was used to search optimal values of correlation constants for Eq. 19. The performance of GA is generally affected by the size of the initial population, the number of generations, and GA parameters including selection rate, mutation rate, and crossover rate. Therefore, the best fitness of the end population was evaluated under different sizes of initial population and generations as well as different selection rate, mutation rate, and crossover rate. The best fitness was obtained when the initial population of 2000, number of generations of 200, selection rate of 0.08, mutation rate of 0.05, and crossover rate of 0.6 were obtained by trial and error. The optimum constants are shown in Eq. 21. 
VERIFICATION ANALYSIS
At this step, Vs is predicted using author's equation (Eq. 21) as well as Eqs. 8-10 without any change of constants in these three equations. RMSE is calculated for identifying the accuracy of each equation and comparing the results of correlations with real value. The results are shown in Table 3 . In this table it is clearly observed that RMSE for Eq. 21 is reasonably less than that for other equations. 
NEURAL NETWORK MODEL
MATLAB Neural Network Toolbox was used to examine the accuracy of Eq. 21. In the first step, a network including 3000 points (out of 4000) was generated; we called it the "modeling data", while 1000 points were the unseen data. We did not use 1000 points to generate neural network model to avoid overtraining. Instead, we used these 1000 points as "additional validating data". We considered Vp data as input and Vs data as output. This is because the objective of this research was predicting Vs based on Vp. Accordingly, "modeling data" (containing 3000 points) were divided into 3 parts: 70% for training (2100 points), 15% for validation (450 points), and 15% for testing (450 points). We know that the number of the hidden neurons affects the accuracy of the result. In order to obtain the best results, we examined different number of hidden neurons. Finally, the best results were obtained by 30 hidden neurons (two hidden layers with 15 hidden unite in each). Figure 6 represents a simple drawing of the structure of the network made to predict Vs. Figure 7 illustrates four steps of the network generation and their fitness values. This figure shows that the correlation coefficient for tested data is 0.95514, which indicates that reliable results can be obtained. In the next step, the established network model was employed for predicting Vs using "additional validating data" (1000 points of unseen data). Then the results of the network was compared with real value of the Vs. Figure 8 illustrates the comparison of the Vs value predicted by Artificial Neural Network (ANN) against real values. RMSE and R 2 were equal to 0.1573 and 0.8985, respectively, which indicates a fairly good prediction.
DETERMINING THE ACCURACY OF EQUATION 21 IN OTHER WELLS
In the last step of this research, reliability of Eq. 21 was further examined in other wells. Well B at Maroon reservoir has monopole sonic log in Gachsaran formation and only Vp can be obtained from this log. Both Eq. 21 and Fig. 9 . Prediction of Vs from Vp using ANN/Eq. 21 in well B in Maroon reservoir.
the established ANN were used to predict shear wave velocity for Gachsaran formation in well B. A statistical correlation assessment was carried out to compare predicted shear wave velocity based on these two approaches (Eq. 21 and ANN). RMSE and R 2 were equal to 0.464 and 0.987, respectively. This indicated that predictions of Vs from Vp based on these two methodologies are very similar. The result is shown in Fig. 9 . However, Eq. 21 is preferred because it is simpler.
CONCLUSIONS
We demonstrated that the shear wave velocity can be predicted from the compressional wave velocity. We suggested an equation that can efficiently minimize the errors and is more accurate than the three previous equations, namely Castagna et al. (1985) , Han (1986), and Brocher (2005) ones. The suggested equation is reliable to predict shear wave velocity for anhydrite, salt, marl, and limestone formations. Genetic algorithm was used to obtain the optimal value for constants of the suggested equation. Accordingly, both the ANN model and the suggested equation could successfully predict Vs. The suggested correlations for predicting the shear velocity in Gachsaran formation is reliable enough to be used in a case monopole log is at hand and VS data are not available due to the cost constrains, lack of technology or old cased wells.
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